This paper constructs and structurally estimates a dynamic model of occupational choice where all occupations are characterized in a continuous multidimensional space of skill requirement using the data from the Dictionary of Occupational Titles and the NLSY79. This skill space approach allows the model to include hundreds of occupations at the three-digit census classification level without a large number of parameters. Thereby it provides more detailed analysis of occupations than previous papers. Parameter estimates indicate that skill demanding occupations offer higher returns to education and experience, which results in occupational sorting.
Introduction
This paper investigates the occupational mobility and the returns to skills using a sample of white male young workers from the National Longitudinal Survey of Youth 1979 (NLSY). The model departs from previous contributions in that it maps all occupations in a continuous multidimensional space of skill requirement using the objective measures of job characteristics from the Dictionary of Occupational Titles (DOT). This skill requirement space approach allows the model to deal with hundreds of occupations at three-digit census classification level and thus, this paper provides more extensive and more detailed analysis of occupations. After providing empirical evidence that characterizes the career dynamics of white male young workers, I structurally estimate the model. The results indicate that different occupations reward worker skills substantially differently, which results in worker sorting across occupations.
A traditional view of labor economists is that human capital can be categorized either as general or firm specific. However, recent empirical papers including Kambourov and Manovskii (2007) , Pavan (2006) , and Neal (1995 Neal ( , 1999 find that a substantial amount of human capital is associated with occupations, rather than * Last Revision: July 2008, Address: Department of Economics, McMaster University, 1280 Main St. West, Hamilton, ON., Canada L8S 4M4, Phone: +1-905-525-9140 (x23672), URL: http://socserv.mcmaster.ca/yamtaro, Email: yamtaro@mcmaster.ca. The author acknowledges the use of SHARCNET computational facilities.
Dictionary of Occupational Titles
The DOT provides variables that characterize occupations. Occupational definitions in the DOT are based on the examination of tasks by expert occupational analysts. The DOT contains the measurements of worker functions and traits required to perform a particular job such as training time, aptitudes, temperaments, interests, physical demand, and environmental conditions. In this paper, the data are taken from the 1991 revised fourth edition for which information was collected between 1978 and 1990 . In this edition, 12,099 occupations are studied in terms of 44 characteristics.
Previous studies such as Ingram and Neumann (2006) and Bacolod and Blum (2008) find that many variables in the DOT are highly correlated with one other. Hence, the occupational characteristics featured in the DOT can be aggregated into a small number of categories. Following Bacolod and Blum (2008) , this paper categorizes occupational characteristics into four types of skill requirement. The first type is cognitive skill requirement. The DOT variables that measure cognitive skill requirement include Data, General Educational Development (reasoning, mathematical, and language), and Intelligence, Verbal, and Numerical aptitude factors. The second type is an interpersonal skill requirement. This is captured by the DOT variables including People, INFLU (adaptability to influencing people), and DEPL (adaptability to dealing with people). The third type is motor skill requirement, which is measured by Things and three aptitude variables: Motor Coordination, Finger Dexterity, and Manual Dexterity. The last type of skill requirement is physical demand.
The occupational characteristics in the DOT are aggregated to occupations defined by the 1970 Census three-digit classification system, because the DOT contains more occupations than the Census classification.
To construct occupational characteristics for the Census classification, I use the April 1971 Current Population Survey augmented by the fourth edition of the DOT which was compiled by the Committee on Occupational Classification and Analysis at the National Academy of Sciences. Notice that this augmented CPS file contains occupation code for the fourth edition of the DOT, not the revised fourth edition. Some occupations are deleted, or integrated into other occupations, while some are newly added in the revised fourth edition. I update the occupation code in the augmented CPS file using the conversion table in the revised fourth edition. Occupational characteristics for each occupation in the 1970 Census classification are constructed by averaging, using the number of individuals in each DOT occupation as the weighting factor.
The index for each skill requirement is constructed by a principal component analysis in the following way.
First, the DOT variables are converted into percentile scores. Most DOT variables are ordinal, although cardinal 4 numbers are needed to construct a skill index. Following Autor, Levy, and Murnane (2003) , I use percentile scores to address this issue. Second, I calculate the first principal component and use it as a skill index for each skill requirement. Percentile scores and the first principal component are calculated, after I augment the NLSY79 with the raw DOT variables. Thus, the weights are taken from the NLSY, not the April 1971 CPS.
More specifically, I estimate a linear factor model of the following form for each skill requirement group:
where i and t are indexes for an individual and age in the NLSY79, and l is an index for a skill requirement category: e.g. l = 1 for cognitive skill requirement; l = 2 for interpersonal skill requirement; l = 3 for motor skill requirement; and l = 4 for physical demand. A p × 1 (e.g. 7 × 1 for cognitive skill requirement) vector of the DOT variables in a given skill requirement group is denoted by x it . A p × 1 vector of means is given by µ. The factor loadings are denoted by a p × 1 vector λ . The unobserved skill requirement index is given by s l it , which is a scalar. A p × 1 vector of random variables that are uncorrelated with the factors is given by ξ it . The variance matrix Σ ξ is diagonal, which implies that all of the correlation among the job characteristics is due to the common factor s l it . The factor loadings λ are chosen so that the underlying factor s l it explains the covariation in the observed variables x it to the largest extent. Imposing that each underlying factor s l it have mean of one and the standard deviation of 0.1, I estimate the factor loadings by an eigenvector decomposition of the covariance matrix of x it . The underlying factors s l it can also be recovered here. To see if the constructed standardized scores reasonably characterize occupations, means of skill requirement are reported for each one-digit occupation in Table 5 . Tasks of professionals require the highest level of cognitive skills, which is followed by managers. Laborers and household service workers are required the lowest level of cognitive skills. This cognitive skill requirement measure largely matches the conventional notion of skill in the empirical literature where skill is single dimensional. However, this index alone is not rich enough to describe heterogeneous tasks across occupations. For example, cognitive skill requirement is similar between 5 sales occupations and craft occupations. But, the nature of tasks are very different; sales workers communicate with their customers and craft workers use tools and labor to make things.
Interpersonal skill requirement and motor skill requirement more clearly characterize the nature of occupation than a single skill index. Interpersonal skills are useful in professional, managerial, and sales occupations.
In these occupations, workers have to direct their subordinates and persuade their clients. Laborers and household service workers use little of their interpersonal skills, because their tasks do not involve interactions with people. Motor skills are most required by tasks of craftsmen such as automobile mechanics and carpenters.
Tasks of household service workers, managers, and sales workers require little motor skills. These patterns are quite intuitive, and thus, the statistics provide evidence for usefulness of the DOT task measures.
National Longitudinal Survey of Youth 1979
The data for career history are taken from the NLSY which includes information on the weekly work history of individuals from 1978. The survey subjects comprise individuals who were between 14 and 21 years old as of January Individuals are assumed to be working, attending school, or staying at home in each year. These alternatives are exhaustive and mutually exclusive. The labor force status of an individual is determined by the following hierarchical rule, which is similar to the one used in Lee and Wolpin (2006) : (1) If an individual enrolls in a school as of May 1, then he is assumed to be attending a school for the entire year.
(2) If an individual does not 1 In surveys later than 1994, an occupation change can be identified only when an individual also changes employers. 6 enroll in a school and works for more than 1,000 hours in a year, he is assumed to be working during the entire year.
(3) If neither of the previous conditions apply, the individual is assumed to stay at home during the entire
year. The hourly wage and occupation code are taken from the current or most recent job. Hourly wages are deflated by the 2002 CPI. Some recorded hourly wages are extremely high or low. If the recorded hourly wage is greater than $100 or less than one dollar, they are regarded as missing.
Previous empirical papers including Neal (1999) and Moscarini and Vella (2003b) report that the occupation codes in the NLSY are contaminated by measurement errors. One possible way to correct these errors is to assume that all occupation changes within the same employer are false. Neal (1999) , Pavan (2006) , and Yamaguchi (2007) take this approach to identify a broadly defined occupation change. 2 However, many occupation code switches within the same employer are promotions to managers. Thus, this editing is likely to result in a downward bias of the mean skill requirement. Another way is to assume that cycles of occupation code within the same employer are caused by measurement errors. Many individuals apparently switch between two occupations while they work for the same employers. If an occupation code changes to a new one, and then comes back to the original one, while an individual stays with the same employer, I edit the code so that he remains in the same occupation. Notice that cycles of occupation code across different employers are left unedited. This correction method reduces the number of occupation changes within the same employer by about 40%.
Occupation codes may still be riddled with measurement errors even after the proposed correction method is applied. When occupation code is misreported, the estimated occupation change rate is biased upwards.
However, noisy occupation code is less likely to bias the mean skill requirement if the reported occupation is similar to the true occupation in terms of skill requirement. 7 requirement indexes are highly correlated with each other, as shown in Table 7 . Cognitive skill requirement is strongly and positively correlated with interpersonal skill requirement, while it is strongly and negatively correlated with physical demand. These strong correlations suggest complementarity and substitution between skills.
Descriptive Analysis

Summary Statistics
For example, this may reflect that returns to cognitive skills are higher in occupations requiring interpersonal skills, as Bacolod and Blum (2008) find. Another explanation is that learning cognitive skills and interpersonal skills at the same time is easier than improving both cognitive skills and physical strength. The model presented in Section 3 captures such complementarity and substitution between skills. Table 8 presents the choice distribution, logwage, occupation change rate by age and two selected education groups. High school graduates are those who did not take any post-secondary education, and college graduates are those who had four years of post-secondary education or more in a given survey year. The first three columns report the distributions of career decisions. The fraction of working individuals increases with age. Only about half of the individuals between 18 and 21 are working, while more than 90% of those older than 25 are working in the labor market. The school attendance rate is about 30% for those who are between 18 and 21, but it quickly decreases with age and is as low as 2% for those between 26 and 29. The next two columns report the mean and standard deviation of logwage. Logwage increases with age at a decreasing rate for both education groups.
College graduates earn at least 20% higher wages than high school graduates. The last two columns report an annual occupational change rate. The rate is as high as 62% between the ages of 18 and 21, but decreases to 43% between the ages of 30 and 34. High school graduates change occupations more often than college graduates.
Evolution of Occupational Skill Requirement
Evolution of means of skill requirement indexes are reported in Table 9 . Tasks are more and more cognitive-skill and interpersonal-skill demanding over time, while they are less and less motor-skill demanding and physically demanding. Some of these trends are explained by the fact that educated individuals enter the labor market at older ages, as shown below.
Skill requirement difference between education groups is substantially large. College graduates are engaged in more cognitive-and interpersonal-skill demanding tasks than high school graduates, while high school graduates are engaged in tasks that are more motor-skill and physical-strength demanding than college graduates. This is consistent with the fact that college graduates tend to occupy professional and managerial positions, while high school graduates become craftsmen.
Although tasks differ significantly between education groups, both groups gradually move to occupations with more cognitive-and interpersonal-skill demanding tasks, while they move to less physically demanding 8 occupations. I find that the upward trends of cognitive skill and interpersonal skill requirement indexes are statistically significant for both education groups, by regressing each skill requirement index on age. The downward trend of the physical demand index for high school graduates is also found statistically significant.
More and more individuals are promoted to managerial positions as they age. In contrast, the share of low-skill occupations, such as laborers, decreases with age.
Model
This section describes an economic model that fits the main features of the data such as (1) individuals gradually moving to occupations with more skill demanding tasks, (2) educated individuals occupying jobs with more skill demanding tasks, and (3) individuals moving between similar occupations in terms of skill requirement.
Individuals maximize the present value of their lifetime utility by choosing one of the following J mutually exclusive alternatives: staying at home, attending school, and working in one of J − 2 occupations. They repeatedly choose an occupation every year from high school graduation until the retirement age T . The choice of occupation of individual i in age t is denoted by a it , which takes an integer between 1 and J. I define this variable so that a it = J implies attending school, a it = J − 1 implies staying home, and 1 ≤ a it ≤ J − 2 implies working. Any work experience before high school graduation does not count for their careers after high school.
Individuals differ permanently in terms of ability to learn and earn, and mobility costs as described below.
Wage Equation
Individuals receive wages when they choose one of working alternatives. Wage is determined by the attributes of an individual and the skill requirement of the current occupation. Let s j be a four-dimensional vector of skill requirement of occupation j. The l-th (1 ≤ l ≤ 4) element of the vector is denoted by s l j using a superscript. For example, s 1 j is the cognitive skill requirement in occupation j. It is assumed that occupational skill requirement is constant over time and thus, it does not have a subscript for time. Years of post-secondary education and work experience of individual i in age t are EDU it and GX it , respectively. The wage of individual i in occupation j in 9 age t is given by the following function of skill requirement and individual attributes,
where ε it is a normally distributed measurement error with a zero mean and a variance σ 2 ε . The intercept is allowed to differ across individuals to account for heterogeneous earning ability. The next three terms of education and experience are quite commonly included in a wage regression.
The last two terms in the first line of Equation 4 captures how workers are rewarded according to skill requirement of their jobs. Notice that the coefficients for the first order term ω l 4,i are heterogeneous across individuals. A greater magnitude of this parameter indicates that a worker has a higher ability in this skill dimension. Hence, these coefficients capture workers' comparative advantages. To be better rewarded, workers sort themselves into occupations in which they have comparative advantage. For example, those who have a large value of ω 1 4,i relative to the other coefficients tend to occupy cognitive skill demanding occupations, because they are paid better in those occupations. Interaction terms between different dimensions of skill requirement are included in the wage equation to account for complementarity between tasks, which is consistent with the observed correlations between skill requirement indexes (see Table 7 ).
The interaction effects of skill requirement and education and experience (the first two terms in the second line of Equation 4) are included in an attempt to capture under-and over-qualification of a worker. Assume coefficients ω l 6 and ω l 7 are positive. Educated and/or experienced workers have to take a job with complex tasks to be rewarded fully for their qualifications. In contrast, uneducated and/or inexperience workers are not paid very well even if they are in skill demanding occupations. Both worker qualification and occupational skill requirement must be high to earn high wages. This reward structure can explain why educated workers tend to occupy professional jobs. Professional occupations are characterized by their high cognitive skill requirement.
If the coefficient for the interaction term between cognitive skill requirement and education (ω 1 6 ) is large, educated workers are likely to enter those occupations. Similarly, experienced workers tend to enter managerial positions if the coefficient for the interaction term between interpersonal skill requirement and experience (ω 2 6 )
is large. As workers get experienced, they become managers because their experience is better rewarded by taking on tasks that require more and better interpersonal communications. 10
Occupation Entry Cost
A worker pays an entry cost in the form of disutility when he moves to a different occupation, because workers have to prepare for the new tasks. This disutility for a new job can be large, if the new task is substantially more complex than the previous task. To implement this observation, I first define skill deficiency as the difference between the skill requirement of the new occupation s j and that of the previous occupation s k
where superscript l is for a skill dimension. If the previous task is more skill demanding than the new task in a given skill dimension, there is no skill deficiency. This variable measures how much skill demanding the tasks of the new occupation are, relative to the previous ones.
The entry cost to a new occupation is given by
The first term is a fixed component of occupation entry cost, which varies across individual types. Moreover, this component is common to the same one-digit occupations, but varies across one-digit occupations, to represent the costs not captured by the skill deficiency measures. Age is included in the second term of the cost function to capture decreasing job mobility in advancing age due to changes of his household structure such as marital status and children. The remaining last two terms capture how the disutility cost changes according to skill deficiency measure. Notice that the coefficients for the first order term α l 2,i differ across individuals, which also captures comparative advantage of workers. For example, if a worker has a smaller value for α 1 2,i than other skill dimensions, he has comparative advantage in learning cognitive skills, because he needs a small cost to be ready for the new job regarding that skill. The comparative advantage in learning ability complements the comparative advantage captured by the wage equation above, to provide a better fit to the data. Interaction terms between different dimensions of skill deficiency are included in the last term to account for complementarity between different task dimensions, which is necessitated by the observed strong correlation between skill requirement indexes.
The skill deficiency measure is well-defined between any two labor market occupations, but not between a non-working state and a labor market occupation. To make the model complete, the "skill requirement" of non-working state (either staying home or attending school) is estimated. The location of non-working state in a skill requirement space for individual i in age t is denoted by s 0,it ;
where s max (s min ) is the highest (lowest) skill requirement in the data. Thus, the location of non-working state satisfies s l min < s l 0,it < s l max . Education affects the location of non-working state, to account for the differences in initial occupations across different education groups. Education increases the likelihood of entering a skill demanding occupation, as shown by Sicherman and Galor (1990) .
School Attendance Cost
Individuals pay a cost when they attend a post-secondary school. This cost of school attendance includes both monetary and non-monetary cost such as disutility from effort. Remember that a it−1 = J implies that an individual has attended a school in the last period (i.e. in age t − 1.) The cost of attending school is given by
where I(·) is an indicator variable that takes one if the argument is true and takes zero otherwise. The first term differs across individuals to capture heterogeneity. The second term c s 1 is an additional cost for a graduate school. Because returning to school after a period of non-attendance is rare, a psychic cost of re-entry c s 2 is included. The last term c s 3 is the cost paid by an individual who attends a graduate school immediately after undergraduate study.
Value Function
The worker's problem can be recursively formulated by the Bellman equation. I first describe the instantaneous reward function corresponding to each alternative. Consider individual i at age t who have worked in occupation k in the last period (i.e., a it−1 = k). If this individual chooses occupation j (1 ≤ j ≤ J − 2, i.e., working state) today, his utility in this period is given by
where γ 0,i captures the cost of labor force participation and varies across individuals, d jk is skill deficiency between the new occupation ( j) and the previous occupation (k) which is defined above, and ν i jt is a choicespecific preference shock that follows type I extreme value distribution. 3 As discussed above, a working individual receives wage and pays the cost if he starts a new job.
The instantaneous utility for an individual staying home is simply
where ν iJ−1t is a preference shock for staying home that follows type I extreme value distribution. No other utility terms are included here for normalization. As is well known in the discrete choice model literature, only the difference of utility between alternatives is identified. Thus, the deterministic utility component of home alternative is set to zero. Lastly, the instantaneous utility for an individual attending school is
where a it−1 is the occupation in the last period and ν iJt is a preference shock for attending school that follows type I extreme value distribution.
Individuals start making decisions from the age of high school graduation, denoted by t 0 i and retire from the labor market at age T . Let Ω it = {EDU it , GX it , a it−1 } be a subset of state variables of individual i at age t that includes education, experience, and the previous occupation. The value function for individual i in age t is given by
The law of motion of the state variables is 
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Because experience before graduating high school does not count, the initial conditions are
Solution and Estimation
The model is numerically solved by backward induction because this is a finite horizon problem. Retirement age is set at 65. Following Keane and Wolpin (1997) , the value function is approximated by polynomial regressions to decrease the computational burden. Specifically, the expected value function (sometimes called the Emax function) is first evaluated at some selected points in the dimensions of education and general experience given the current occupation. Then the Emax function is approximated by a second-order polynomial. The discount factor is set to 0.95. 
where the vector of parameters is Θ, π h (t 0 i ) is the probability that an individual is type h, and P h is the conditional density of wage and occupational choice given individual type and past decisions. Notice that all the relevant state variables included in Ω it is fully recovered from the history of occupational choice {a iτ } t−1
The type weight is given by the following logit formula
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The likelihood of the whole sample is given by
where N is the number of individuals in the sample.
Estimation Results
Parameter Estimates
I discuss some selected structural parameter estimates and their economic implications. All parameter estimates including those not discussed here are reported in Tables 10 through 15 .
Wage Equation
To summarize the relationship between skill requirement and wages, the marginal effects of skill requirement measures on wage are reported in Table 16 . The first two columns report the marginal effects at mean skill requirement, no experience, and no post-secondary education. For all skill dimensions, wages increase in skill requirement except for type 1. The effects of cognitive skill requirement and physical demand are stronger than interpersonal skill and motor skill requirement. In particular, the effects of physical demand on wages for inexperienced high school graduates are large. If physical demand factor increases by 0.10, which is by definition the sample standard deviation of the physical demand factor and close to the difference between laborers and the average of all occupations, wages increase by about 2-7%.
The effects of skill requirement on wages vary with education and experience. The next two columns report the marginal effects of skill requirement on logwage at the mean skill requirement, 10-year experience, and
four-year post-secondary education. The marginal effects of requirement for cognitive skill, interpersonal skill, and motor skill are significantly greater than those for inexperience high school graduates. If the cognitive skill requirement index increases by 0.10, which is close to the difference between managers and the average of all occupations, wages increase by about 1-6%. An increase of the interpersonal skill requirement index by 0.10, which is again close to the difference between manager and the average, raises wages by about 1-7%. Similarly, when the motor skill requirement index grows by 0.10, which is close to the difference between craftsmen and the average, wages increase by about 1-5%. In contrast, the return to physical demand is slightly lower for experienced college graduates than for inexperience high school graduates. A change in the physical demand index by 0.10 increases wages by 1-6%.
Returns to post-secondary education and experience are reported in Table 17 . They are not uniform across occupations, which is consistent with the previous finding by Keane and Wolpin (1997) . Returns to education are increasing in skill requirement, particularly in cognitive skill and interpersonal skill. For a professional, a
year of post-secondary education increases his wage by 1%, while it decreases a laborer's wage by 2%. These estimates are smaller than those previously reported in the structural estimation literature (see Belzil (2007) for a survey), because only this paper takes into account that education directly increases the probability of entering occupations with complex tasks, which are also high-paying occupations. Thus, the full return to education is greater than this estimate. 4 Returns to experience are also different across occupations. They are increasing in skill requirement, particularly in the dimensions of cognitive skill and interpersonal skill. In an average occupation (i.e. skill requirement is 1.0 in all dimensions), 10-years' experience increases wages by 62%.
A professional's wage increases by 64% for 10-years' experience, while a laborer's wage increases by only 59%. The results indicate that the returns to experience and education are greater in cognitive and interpersonal skill-demanding occupations, which implies that experienced and educated workers sort themselves into those occupations to be better rewarded.
Entry Costs The cost of switching occupations is estimated to be large, regardless of the destination. For example, the constant component of occupational switching cost is equivalent to an hourly logwage loss of between 0.75 and 0.84. 5 Because this cost must be paid even when an individual moves down to a less skill demanding occupation, this implies that switching occupations costs at least $6.6-$7.1 per hour for those who earn the sample average wage of $12.50 per hour. The cost of moving to a more skill demanding occupation increases in the skill deficiency measure. When an individual in an average occupation (skill requirement is 1.0 in all dimensions) moves along the cognitive skill dimension by 0.10 (equivalent to the difference from managers), the utility cost equals an hourly logwage loss of between -0.03 and 0.11. The cost of the same move along the interpersonal skill dimension is an hourly logwage loss of between 0.11 and 0.18. A move along the motor skill dimension by 0.1 (equivalent to the difference from craft occupations) equals an hourly logwage loss of between 0.12 and 0.16. Lastly, when an individual moves along the physical demand dimension by 0.10 (equivalent to the difference from laborers), his utility cost equals between 0.08 and 0.17 in hourly logwage.
These estimates indicate that individuals pay a substantially large cost to move to a more skill demanding occupation.
School Attendance Costs
The net costs of school attendance vary greatly across individual types. Once an individual has left school, re-entering a school is significantly more costly. There is also a significant cost to entering graduate school, even if an individual enters a graduate school immediately after his undergraduate study, because the institutions are usually different. Finally, studying in graduate school is significantly more costly than undergraduate school.
Initial Locations
The location of non-work activities in the skill requirement space is reported in Table 19 .
The estimated location of non-work state in cognitive and interpersonal skill dimensions is increasing in education, but it is decreasing in the other dimensions. Thus, education helps an individual entering occupations which demand cognitive and interpersonal skills occupations, while it prevents the individual from entering occupations that demand motor skills or are physically demanding. High school graduates' location of non-work activity is close to occupations such as stock handlers, vehicle washers, oilers and greasers, where similarity is measured by the Mahalanobis distance. 6 The estimated location of college graduates' non-work activity is close to that of clerical workers and mail handlers.
Model Fit
To assess the performance of the estimated model, I examine the model fit to the data. Each individual in the data is simulated for 50 times from his first year to the last year in the data. It is true that the following discussion of model fit is not a formal statistical testing, but it should provide some sense of the strength and weakness of the model. is consistent with the data. Table 21 reports the simulated distribution of skill requirement. The corresponding statistics in the data can be found in Table 9 . The simulated skill requirement is remarkably close to the data in all skill dimensions and in all age groups. skill requirement difference between high school graduates and college graduates is also well replicated.
Discussion
Unobserved Heterogeneity
Structural parameter estimates indicate that individuals are distinct from each other in their comparative advantages. To see how career paths differ across unobserved individual types, the model is simulated with the estimated parameter values 50 times for each individual in the data. Labor force status in each age group is presented for each individual type in Table 22 . Type is ordered by average wage in ascending order, with type 1 being the lowest average wage. Each type is substantially different from the other types in labor force status, logwage, and occupation change rate. Type 1 and type 4 are extreme types among all types. Type 1 is characterized by the weakest labor force attachment, the lowest school attendance rate, and the lowest wage. In contrast, type 4 individuals show the strongest labor force attachment, the highest school attendance rate, and the highest wage.
Evolution of skill requirement of each type is presented in Table 23 . Again, each type is distinct from the other types in all task dimensions, and type 1 and type 4 are extreme types. Type 1 individuals occupy positions requiring more motor skills and greater physical demand than type 4, while type 4 workers occupy positions with tasks requiring more cognitive and interpersonal skills than those of type 1 workers. Many type 1 individuals start their careers as operatives and laborers. Their tasks become more cognitive-skill and motorskill demanding and they transition to craftsmen later in their careers. The careers of type 4 individuals are very different. Many of them start their careers as professionals and managers. Type 4 individuals take on tasks that require more and more cognitive and interpersonal skills. All types of individuals improve different dimensions of skills, depending on their comparative advantages. The use of multidimensional skills enables the model to generate this complex and realistic career decision pattern.
Variance Decomposition
Unobserved permanent heterogeneity is found to play an important role in explaining differences in labor market outcomes. The variance decomposition is conducted for this simulated data set. The results indicate that unobserved permanent individual heterogeneity explains the differences in labor market outcomes to quite a large extent. Although the results in this paper are not directly comparable with those of the previous research by Keane and Wolpin (1997) , both find the importance of unobserved heterogeneity in explaining behavioral differences. This implies that individuals' responses to an environmental change (e.g.
policy intervention) would be overestimated if unobserved heterogeneity is not accounted for.
Skill Price and Endogeneity Bias
The results in the previous subsection indicate that permanent individual heterogeneity strongly influences occupational choices. This implies that the skill prices (i.e. coefficients for skill requirement indexes) estimated by the OLS are likely to be biased. To examine the directions and the extent of the biases of the OLS estimates, a wage equation comparable to the structural model is estimated by the OLS and the estimates are compared with those of the structural estimation.
Parameter estimates by the OLS are presented in Table 27 with results for other specifications. I find that estimated skill prices and returns would be strongly biased, if choice of occupation is assumed to be exogenous.
Marginal effects of skill requirement, education, and experience are also constructed for comparison with the corresponding estimates from the structural model. As clearly shown in Table 25 , estimated marginal effects of skill requirement are very different from structural parameter estimates in Table 16 . According to the OLS estimates, an increase of the cognitive skill requirement index by 0.10 would raise wages by 10% for inexperi-enced high school graduates, and by 23% for college graduates with 10 years' experience. Both estimates are at least three to four times larger than those of the structural model. Another substantial difference can be found in the effects of physical demand. The OLS estimates indicate that wages would decrease by 2-4% if the physical demand index increased by 0.10, while the structural estimates show that wages would increase by 2-7%. High cognitive skill price and low (indeed, negative) physical strength price from the OLS estimates seem to suffer from endogeneity.
Estimated returns to education and experience from the OLS estimates are reported in Table 26 . Returns to education from the OLS estimates are significantly higher than those from the structural estimates. It is also interesting to see that estimated returns to education by the OLS vary across specifications. When only education and experience are included in the regressor, the estimated return is 0.087, but it is reduced to 0.058 once occupational variables are included, as shown in Table 27 . This suggests that some of the return to education includes a high probability of entering high-skill (and high-wage) occupations. The estimated cumulative returns to experience from the OLS are also higher than those from the structural estimates. The difference of the cumulative returns to experience between professionals and laborers is substantially different, which indicates that the return to experience also suffers from endogeneity bias.
This exercise might explain why Ingram and Neumann (2006) and Bacolod and Blum (2008) estimate some skill prices to be negative, which is counterintuitive. The estimated negative skill prices are likely to result from occupational sorting: individuals with low unobserved earning ability tend to enter physically demanding occupations such as laborers. If an econometrician does not correctly accounts for this issue, the estimates are downward biased. The structural estimation in this paper provides a possible solution to address this endogeneity bias. 7 Indeed, the parameter estimates are quite intuitive, in contrast to the OLS estimates.
Conclusion
This paper contributes to the career dynamics literature in two ways. First, I provide empirical evidence to characterize the occupational mobility of white male workers over their careers using objective skill requirement measures of an occupation from the DOT. Second, I construct and estimate a dynamic occupational choice model where all occupations are characterized in a continuous multidimensional space of skill requirement, which makes it tractable to deal with hundreds of occupations at three-digit level.
The estimation results of the structural model indicate that wages largely grow with skill requirement and that cognitive-skill intensive occupations offer higher returns to education and experience. This wage structure gradually sorts workers into occupations with different skill requirement. The results also suggest that the endogeneity bias of the OLS wage regression estimates is substantial, which accounts for the negative skill prices estimated in previous papers.
I also find the model predicts that individuals move up the career ladder along the dimension of their comparative advantages by a simulation exercise of the estimated model. The multidimensional skill requirement vector makes it possible for the model to generate this realistic occupational mobility.
The model can be extended in a couple of ways. First, worker skills can be built through occupational experiences, although this paper considers general work experience. If an individual works in a cognitive-skill intensive job for a long period, he should develop more cognitive skills than other workers, for example. The current model cannot incorporate this skill formation process due to computational burden. Second, learning about workers' comparative advantage would also explain their choices concerning their careers. These extensions would be interesting in studying career dynamics further. data gedr gedm gedl aptgl aptv aptn 0.37 0.39 0.37 0.39 0.38 0.38 0.36 Note: Factor loadings for the first principal components are presented. Weights are taken from the pooled white male sample of NLSY. Legend: data; worker functions related to data, gedr; reasoning development, gedm; mathematical development, gedl; language development, aptgl; aptitude factor for intelligence, aptv; aptitude factor for verbal ability, aptn; aptitude factor for numerical ability. Factor loadings for the first principal components are presented. Weights are taken from the pooled white male sample of NLSY. Legend: things; worker functions related to objects, aptmc; aptitude factor for motor coordination, aptfd; aptitude factor for finger dexterity, aptmd; aptitude factor for manual dexterity, aptehc; aptitude factor for eye-handfoot coordination, aptcd; aptitude factor for color discrimination, aptfp; aptitude factor for form perception, aptcp; aptitude factor for clerical perception, sts; adaptability to situations requiring the precise attainment of set limits, tolerance or standards. 1.000 1.000 1.000 1.000 Note: Skill indexes are constructed by the method explained in Section 2. The sample mean and the sample standard deviation are 1.00 and 0.10 by construction, respectively. Household service occupations are integrated into service occupation. The number of observations is for person-year in the pooled sample from the NLSY79. Sample sizes are different across variables due to missing values and due to that skill requirement index and hourly wage are available only for working individuals. Education is years of post-secondary education. General and occupational experiences are measured by year. Skill requirement indexes and physical demand are constructed by the method explained in Section 2. Their means are one and the standard deviations are 0.1 by construction. Logwage is a log of an hourly wage deflated by the 2002 CPI. Yearly occupation change is an indicator variable that takes one if an individual changes an occupation and takes zero otherwise. Thus, the mean is the yearly occupational change rate. 1.094 1.078 0.952 0.923 Note: "All" includes all individuals regardless of the level of post-secondary education. High school graduates are those who have not attended a post-secondary school in a given survey year. College graduates are those who have completed four years of post-secondary education or more in a given survey year. Type specific parameters measure deviations from Type 1. For example, to recover the Type 2 specific constant, "Intercept (Type 2)" has to be added to "Intercept". Dummy variables for one-digit occupation are included, but not reported here (available upon request). S1 through S4 are cognitive skill, interpersonal skill, motor skill, and physical demand, respectively. EDU is years of post-secondary education. GX is years of general work experience. Type specific parameters measure deviations from Type 1. For example, to recover the Type 2 specific constant, "Intercept (Type 2)" has to be added to "Intercept". Variables d1-d4 are skill deficiency measure (see Equation 5) for cognitive skill, interpersonal skill, motor skill, and physical demand, respectively. For example, to recover Type 2 specific constant, "Intercept (Type 2)" has to be added to "Intercept". For example, to recover Type 2 specific constant, "Intercept (Type 2)" has to be added to "Intercept". 0.008 0.002 ------------(Laborer) −0.017 0.002 Marginal Returns to Experience (Professional, 10 Years) 0.039 0.001 ----------(Laborer, 10 Years) 0.034 0.001 Cumulative Returns to Experience (Professional, 10 Years) 0.639 0.010 -----------(Laborer, 10 Years) 0.588 0.009 Note: Marginal and cumulative returns to education and work experience are reported. skill requirement is set at the mean of laborer and the mean of professional, which can be found in Table 5 . Table 8 . "All" includes all individuals regardless of the level of post-secondary education. High school graduates are those who have not attended a post-secondary school in a given survey year. College graduates are those who have completed four years of post-secondary education or more in a given survey year. Table 9 . "All" includes all individuals regardless of the level of post-secondary education. High school graduates are those who have not attended a post-secondary school in a given survey year. College graduates are those who have completed four years of post-secondary education or more in a given survey year. Note: The marginal effects are calculated using the parameter estimates from OLS, which are presented in Table  27 . For the corresponding results for structural estimation, see Table 16 . 0.075 0.005 ------------(Laborer) 0.029 0.007 Marginal Returns to Experience (Professional, 10 Years) 0.033 0.004 ----------(Laborer, 10 Years) 0.008 0.004 Cumulative Returns to Experience (Professional, 10 Years) 0.701 0.027 -----------(Laborer, 10 Years) 0.459 0.026
Note: The returns to education and experience are calculated using the parameter estimates from the OLS, which are presented in Table 27 . For the corresponding results for the structural estimation, see Table 17 . Note: Sample size is 9135 for all specifications. Dependent variable is an hourly logwage deflated by the 2002 CPI. S1 through S4 are cognitive skill, interpersonal skill, motor skill, and physical demand, respectively. EDU is years of post-secondary education. GX is years of general work experience. Dummy variables for one-digit occupation capture the deviation from professional occupation.
